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Abstract. This paper presents a fast and robust architecture for scene
understanding for aerial images recorded from an Unmanned Aerial Vehi-
cle. The architecture uses Deep Wavelet Scattering Network to extract
Translation and Rotation Invariant features that are then used by a Con-
ditional Random Field to perform scene segmentation. Experiments are
conducted using the proposed framework on two annotated datasets of
1277 images and 300 aerial images, introduced in the paper. An overall
pixel accuracy of 81% and 78 % is achieved for the datasets. A compar-
ison with another similar framework is also presented.
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1 Introduction

Unmanned air vehicles (UAVs) have recently become a useful information gather-
ing medium for numerous applications such as surveillance [15], vegetation man-
agement [23], disaster management (flood) [18], atmosphere pollution monitor-
ing [22] and coastline management [2]. UAVs have particularly gained popularity
for data collection in the aftermath of natural catastrophes such as floods [18]
and earthquakes [18] due to their ease of deployment, ability to fly at low alti-
tudes and capture images at higher resolution. These systems have been used
in the past to segment the aerial image into regions to develop emergency route
plans that can help to rescue trapped victims and estimate the incurred damage.

Numerous attempts have been made in the past to segment regions from aer-
ial imagery. Initial methods in this area focused only on segmenting roads from
aerial images. Some of them achieved this task by using traditional methods
such as active contours and snakes [9] while others used features such as higher
order movements [17] and intensity [3]. These methods were further extended to
segment the aerial image into other natural and man-made landmarks (in addi-
tion to roads) that can help to construct detailed maps of the terrain of interest
and further benefit route planning. Ghiasi et al. [7], Dubuisson-Jolly et al. [6]
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and Rezaeian et al. [16] used a fusion of color and texture features to achieve
semantic segmentation of aerial images. Lathuiliere et al. [10] combined a Markov
model with SVM to achieve the task of aerial scene segmentation while Montoya-
Zegarra et al. [13] used class specific priors with Conditional Random Field
(CRF) to achieve the pixel-wise labeling. Marmanis et al. [12] used an ensemble
of Convolutional Neural Networks (CNNs) to segment out vegetation regions
from aerial images.

Hand-engineered color and texture features achieve only a nominal scene seg-
mentation accuracy while despite the success of CNNs, design and optimal con-
figuration of these networks is not well understood making it difficult to develop
these networks. In addition, it is difficult to train CNNs for aerial scene segmen-
tation due to the availability of limited training dataset. Bruna et al. [1] and Sifre
et al. [21] have shown that wavelet-based ScatterNets can give a performance
that is competitive to that of trained networks, based on our accumulated knowl-
edge of geometrical image properties. Hence, we use the Deep Wavelet scattering
architecture proposed by Mallat [21] as the front-end of our proposed pipeline
to extract translation and rotation invariant scattering features. Condition Ran-
dom field (CRF) is the obvious choice from the back-end as they give superior
performance over Markov Random Field (MRF) [5]. Hence, CRF is used as the
back-end of the proposed network that uses the translation and rotation invari-
ant features extracted by the scattering network to perform the desired scene
segmentation.

This paper presents a framework for Scene Understanding for aerial images
recorded from an unmanned air vehicle. The main contributions of the paper are
stated below:

– Scene Understanding Architecture: The proposed architecture extracts Trans-
lation and Rotation Invariant features using a handcrafted computationally
efficient Deep Wavelet Scattering network (front-end) that are further used by
a Condition Random Field (CRF) (back-end) to achieve the necessary scene
segmentation.

– Datasets: Since, CRF is a supervised learning algorithm, a dataset of 1277
annotated images carefully collected from Stanford Background dataset [8]
and CMU Urban Image dataset [14], that contains the selected natural and
man-made landmarks that appear in aerial images is introduced (Please note
that these features are not recorded from the UAV). This dataset is used
to pre-train the CRF. Next, an UAV aerial image dataset of 300 annotated
images recorded from an UAV with the same man-made landmarks is used to
fine tune the pre-trained CRF.

The proposed framework is used to perform scene understanding on the
introduced datasets. The average segmentation accuracy for each class for both
datasets is presented. In addition, an extensive comparison of the proposed
pipeline with other scene segmentation methods is presented.

The paper is divided into the following sections. Section 2 presented the
Datasets introduced in the paper while Sect. 3 presents the proposed Scene



Aerial Scene Understanding Using Deep Wavelet Scattering Network 207

Fig. 1. Illustration presents (a) Unmanned Air Vehicle (UAV) used to record the aerial
images (b-c) Sample of aerial images recorded by the UAV.

Segmentation Framework. Section 4 presents the experimental results and Sect. 5
draws conclusions.

2 Introduced Annotated Datasets

The paper presents two annotated datasets which contain natural and man-made
landmarks which appear in aerial images. The landmarks quite commonly seen
in aerial images are included in the datasets. The landmarks are namely: ‘Sky’,
‘Tree’, ‘Road’, ‘Grass’, ‘Water’, ‘Building’, ‘Mountain.’, ‘Foreground objects’.
The first dataset (D1) is a collection of 1277 annotated images carefully chooses
from Stanford Background dataset [8] and CMU Urban Image Dataset [14]. All
images are forced to a fixed resolution of 200×300. The second UAV aerial image
dataset (D2) introduced in the paper includes 300 annotated images takes from
the UAV. The images contain the landmarks mentioned above. The UAV and
example of two images from the UAV aerial image dataset are shown in Fig. 1.

3 Scene Understanding Framework

This section introduces the proposed scene understanding framework that is
used to segment the image regions which can be then utilized to interpret the
scene. The framework is composed of a front-end that extracts discriminatory
features while a back-end that uses these features to segment the image into
different regions. We use the Deep Wavelet scattering architecture proposed by
Mallat [21] as the front-end of our proposed pipeline to extract translation and
rotation invariant scattering features while Conditional Random field (CRF) is
used as the back-end of the proposed network that utilizes the extracted features
to perform the desired scene segmentation. The pipeline is shown in Fig. 2.

3.1 Deep Wavelet Scattering Network

Deep wavelet scattering networks are multilayer networks that incorporate geo-
metric knowledge to produce high-dimensional image representations that are
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discriminative and approximately invariant to translation and rotation [1,21].
The invariants at the first layer of the network are obtained by filtering the
image with multi-scale and multi-directional complex Morlet wavelet decom-
positions followed by a point-wise nonlinearity and local averaging. The high
frequencies lost due to averaging are recovered at the later layers using cascaded
wavelet transformations with non-linearities, justifying the need for a multilayer
network. Bruna et al. [1] and Sifre et al. [19–21] have proposed numerous convolu-
tional scattering architectures that produce invariant and discriminative feature
descriptors. We present the generic idea behind all the models below.

ScatterNets decompose an input image x using multi-scale and multi-
directional complex Morlet wavelets that are obtained by dilating and rotating
a single band-pass filter ψ for any scale j and direction θ. A wavelet filters a
signal x using a complex wavelet ψθ,j1 using the following formulation:

x � ψθ,j1 = x � ψa
θ,j1 + ιx � ψb

θ,j1 (1)

where ψa is the real and ψb is the imaginary part of the wavelet. A wavelet
transform response commutes with translations, and is therefore not translation
invariant. To build a translation invariant representation, a L2 point-wise is first
applied to the wavelet coefficient as shown below:

|x � ψθ,j1 | =
√

|x � ψa
θ,j1

|2 + |x � ψb
θ,j1

|2 (2)

L2 is a good non-linearity as it is stable to deformations and non-expansive
that makes it stable to additive noise [1]. This results in the regular envelope of
the filtered signal which still commutes with translations.

The resulting wavelet-modulus operator applied on the signal x is given by:

W̃1x = (x � φJ , |x � ψθ,j |θ,j) = (S0x,U1x) (3)

where x � φJ is the low-pass coefficient and |x � ψθ,j |θ,j is the high pass
coefficient. The invariant part of U1 is computed with an averaging over the
spatial and angle variables. It is implemented for each scale j, fixed with a roto-
translation convolution of Y (h) = U1x(h, j1) along the h = (u′, θ′) variable, with
an averaging kernel ΦJ(h). For p1 = (g1, j1) and g1 = (u, θ1), this is written

S1x(p1) = U1x(., j1) � ΦJ(g1) (4)

We choose ΦJ(u′, θ′) = (2π)−1ΦJ (u′) to perform an averaging over all angles
θ and over a spatial domain proportional to 2J .

The high frequencies lost by this averaging are recovered through roto-
translation convolutions with separable wavelets. Roto-translation wavelets are
computed with three separable products. Complex quadrature phase spatial
wavelets ψθ2,j2(u) or averaging filters ΦJ (u) are multiplied by complex 2π peri-
odic wavelet ψ̄k(θ) or by φ̄(θ) = (2π)−1

Ψθ2,j2,k2(u, θ) = ψθ2,j2(u)ψ̄k2(θ) (5)
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Fig. 2. Separable scattering architecture. First spatial scattering layers in grey, second
scattering layers in black. Spatial wavelet-modulus operators (grey arrows) are averaged
(doted grey arrows), as in [1]. Outputs of the first scattering are reorganized in different
orbits (large black circles) of the action of the rotation on the representation. A second
cascade of wavelet-modulus operators along the orbits (black arrows) splits the angular
information in several paths that are averaged (doted black arrows) along the rotation
to achieve rotation invariance. Output nodes are colored with respect to the order m,
◦
m of their corresponding paths. Modified from [19].

Ψ0,J,k2(u, θ) = ΦJ (u)ψ̄k2(θ) (6)

Ψθ2,j2,0(u, θ) = ψθ2,j2(u)φ̄(θ) (7)

Finally, roto-translation wavelets for second layer are computed as W̃2U1x =
(S1x,U2x) where S1x is defined in (4) and

U2x(p2) = |U1x(., j1) � Ψθ2,j2,k2(g1)| (8)

with g1 = (u, θ1), p2 = (g1, p̄2), and p̄2 = (j1, θ2− θ1, j2, k2). Since U2x(p2) is
computed with a roto-translation convolution, it remains covariant to the action
of the roto-translation group. Fast computations of roto-translation convolutions
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with separable wavelet filters Ψθ2,j2,k2(u, θ) = ψθ2,j2(u)ψ̄k2(θ) are performed by
factorizing

Y � Ψθ2,j2,k2(u, θ) =
∑
θ′

(∑
u′

Y (u′, θ′)ψθ2,j2(r−θ′(u − u′))

)
ψ̄k2(θ − θ′) (9)

It is thus computed with a two-dimensional convolution of Y (u, θ′) with
ψθ2,j2(rθu) along u = (u1, u2), followed by a convolution of the output and a
one-dimensional circular convolution of the result with k2 along θ. This convo-
lution which rotates the spatial support of ψθ2,j2(u) by θ while multiplying its
amplitude by ψ̄k2(u).

Applying W̃3 = W̃2 to U2x computes second order scattering coefficients as
a convolution of Y (g) = U2x(g, p̄2) with ΦJ(g), for p̄2 fixed is given as:

S2x(p2) = U1x(., p̄2) � ΦJ(g) (10)

The output roto-translation of a second order scattering representation is a
vector of coefficients given by:

Sx = (S0x(u), S1x(p1), S2x(p2)) (11)

with p1 = (u, θ1, j1) and p2 = (u, θ1, j1, θ2, j2, k2).

3.2 Conditional Random Field

Conditional Random Field (CRF) is a probabilistic framework that allows us
to describe the relationship between related output variables such as labels for
pixels in an image as a function of observed features: pixel colors or features [5].
This framework is thus ideal for combining multiple visual cues for scene under-
standing.

The CRF undirected graphical model used in this paper uses pairwise 4-
connected grid consisting of finite number of vertices or nodes and edges con-
necting these nodes. Each node corresponds to a random variable denoted by
X. Edges define the neighbourhood relation between these unobserved random
variables.

A loss equation, required to be minimized to achieve the optimal labelling
is defined by fitting two matrices F and G to the unary and edge features.
γi represent the set of parameter values γ(xi) for all values of xi. Let k(y, i)
represent the unary features for variable i for a given input image y. Therefore:

γi = Fk(y, i) (12)

In the similar fashion, the parameter values for all xi, xj is denoted by γij .
Given that v(y, i, j) represents the edge feature for pair (i, j), then:

γij = Gv(y, i, j) (13)
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Fig. 3. The figure shows the two images from the D1: 1277 image dataset collected
from Stanford Background dataset [8] and CMU Urban Image Dataset [14]. D2 is
selected from the 300 image dataset collected from an UAV. Their ground truth and
segmentation obtained by the proposed pipeline is also presented.

The gradients needed for optimization can be obtained using the following
equation:

∂L

∂F
=

∑
i

∂L

∂γi
k(y, i)T ,

∂L

∂G
=

∑
ij

∂L

∂γij
v(y, i, j)T (14)

This is under the assumption that ∂L
∂γ has been calculated.

A clique loss function is used in the paper to achieve the scene segmentation
with Tree-Reweighted [5] inference which uses LBFGS optimization algorithm.
In this process, the number of images used for trained is repeatedly doubled, with
the number of learning iterations halved. Marginal based clique loss function is
used to calculate the loss at each iteration. After every iteration, the loss value
is checked and if bad search direction is encountered, L-BFGS is reinitialized [5].

4 Results

The proposed scene segmentation pipeline was evaluated and compared with
another similar framework on both datasets introduced in the Sect. 2.

The front-end of the pipeline uses the deep wavelet scattering network to
extract features using Morlet filters at 4 scales (j) and 8 pre-defined orientations
(θ), as explained in Sect. 3.1. The features are extricated from each image from
the 1277 annotated image dataset (D1) constructed by combining images from
the Stanford Background dataset [8] and CMU Urban Image Dataset [14]. Each
image of the dataset has a fixed resolution of 200 × 300. The condition random
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Table 1. Table presents overall pixel accuracy for each label on both datasets. D1: 1277
image dataset collected from Stanford Background dataset [8] and CMU Urban Image
Dataset [14]. D2: 300 image datset collected from an UAV. HOG: Histogram of oriented
gradients [4], RGB-I [5]: RGB Intensities, PL [5]: Pixel Locations, BL: Building, MN:
Mountain, FGO: Foreground Object, FCN-8s: Fully Convolutional Network with 8
pixel stride [11] and OPA: Overall Pixel Accuracy

Features Sky Tree Road Grass Water BL MN FGO OPA

D1: Proposed 77.5 76.3 71.8 91.9 96.5 63.5 98.5 80.5 81.3

D2: Proposed 74.2 75.0 76.1 80.1 92.5 61.5 82.7 82.2 78.1

D1: RGB-I+HOG+PL 91.4 69.6 87.7 83.3 65.3 79.4 64.2 66.2 76.7

D2: RGB-I+HOG+PL 89.0 69.1 78.5 80.9 60.3 80.2 34.0 69.3 69.8

D1: FCN-8s 74.8 77.1 72.2 90.6 97.4 60.1 96.1 77.1 80.2

D2: FCN-8s 72.8 78.2 79.3 79.7 88.4 58.2 80.5 84.6 77.3

field is trained on the image features obtained using a 5-fold cross-validation split
on the dataset. The average accuracies for ‘Sky’, ‘Tree’, ‘Road’, ‘Grass’, ‘Water’,
‘Building’, ‘Mountain’, ‘Foreground object’ is presented in Table 1. Two images
selected from the D1 dataset along with the ground truth and segmentation
using the trained CRF is shown in Fig. 3. The trained CRF is able to recognize
the above-mentioned landmarks from images contained in D1 dataset.

Next, the trained CRF is fine tuned to detect the same landmarks for aerial
images recorded from the UAV. The trained CRF model is fine-tuned on the
features extracted from the UAV annotated aerial image dataset (D2) presented
in Sect. 2. The features are extracted with the deep wavelet scattering network
using Morlet filters with the above-mentioned parameters, from images of reso-
lution 200×300 obtained using a 5-fold cross-validation split on the UAV image
dataset. The average accuracies for the above-mentioned labels for the UAV
image dataset is presented in Table 1. Two images selected from the D2 dataset
along with the ground truth and segmentation using the Fine-tuned CRF is
shown in Fig. 3.

The proposed scene segmentation pipeline is compared with segmentation
pipelines that use: (i) hand-crafted or (ii) learned features to achieve this task.
The scene segmentation results of the proposed method are compared with the
segmentation performed by a handcrafted feature obtained by combining RGB
intensities, HOG [4] and pixel locations that are then used in a CRF frame-
work to achieve segmentation for both datasets. The proposed method is then
compared with the scene segmentation results obtained by training a Fully Con-
volutional Network (FCN) with 8-pixel stride [11] on D1 dataset and then fine
tuning the learned network on D2 dataset. The results are presented in Table 1.
It is evident from Table 1 that the proposed method outperforms the segmenta-
tion pipeline that makes use of the hand-crafted features for scene segmentation
on both datasets. The proposed method is also able to outperform the Fully
Convolutional Network [11] on both datasets. The reason for this seems to be
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the small size of the D1 and D2 datasets resulting into the inefficient learning of
the FCN network.

5 Conclusions

The paper introduces a novel application area of scene understanding to aerial
images, which can be vital in surveillance and disaster management applications.
The proposed architecture has also shown the importance of Scatternet that can
extract invariant features which can replace popular hand-crafted features due
to its superior performance. The proposed framework can also be used in an
application with less availability of training data as only the back-end of our
framework requires learning. The proposed framework achieves decent overall
pixel accuracy for scene segmentation on both annotated datasets introduced
in the paper. We hope to extend our framework to make use of large corpora
of partially labeled data, or perhaps by using motion cues in videos to obtain
segmentation labels. An important and natural extension of our method can be
provided by incorporating object-based reasoning directly into our model which
can lead to better understanding of images.
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